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Abstract

Real-world heterogeneous data is commonly modeled as
heterogeneous information networks (HINs). Building upon
advancements in graph neural networks (GNNs), existing
research has significantly progressed in semi-supervised
and self-supervised paradigms for heterogeneous GNNs
(HGNNSs). However, these methods overlook inherent struc-
tural deficiencies in raw heterogeneous graphs. We identi-
fies unique structural noise in HINs: missing potential crit-
ical edges and multi-relational semantically redundant edges,
which force existing HGNNs to learn suboptimal representa-
tions on fixed topologies. Crucially, prior limited studies ad-
dress only partial noise while remaining architecturally en-
trenched and tightly coupled with specific models. To break
this bottleneck, we propose a plug-and-play Heterogeneous
graph Structure ADaPter (HSADP) that simultaneously re-
solves task/model decoupling challenges while accounting
for HIN-specific structural properties with with two core
components: a dynamic homogeneous subgraph enhancer re-
covering latent topology across semantic views and a learn-
able heterogeneous edge discriminator dynamically suppress-
ing redundant edges while collaboratively optimizing se-
mantic graphs. Extensive experiments across multi-domain
datasets demonstrate our method’s effectiveness and compat-
ibility. The adapter significantly boosts node classification ac-
curacy for multiple SOTA approaches and surpasses specially
designed heterogeneous graph structure learning models.

Introduction

In real-world scenarios, data is predominantly heteroge-
neous, as seen in social networks (Jia et al. 2025), knowl-
edge graphs (Teru, Denis, and Hamilton 2020), citation
networks (Hu et al. 2020), and recommendation systems
(He et al. 2020) where complex structures and diverse se-
mantic features naturally lend themselves to representation
as heterogeneous graphs. Such graphs provide more accu-
rate modeling of these authentic environments. Building
upon graph neural network research, state-of-the-art het-
erogeneous graph neural networks have evolved through
two primary paradigms: semi-supervised approaches (Wang
et al. 2019; Fu et al. 2020; Hu et al. 2020), and self-
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Figure 1: Structural Limitations in HIN: Edge Deficiency:
missing potential edges that could optimize message passing
(e.g., incomplete user-item interactions in recommendation
datasets); Semantic Redundancy: noisy connections dilute
effective information flow (e.g., purchases of popular items
diminish user differentiation in buying interactions).

supervised/unsupervised methods (Wang et al. 2021b; Mo
et al. 2024; Tian et al. 2023; Yan et al. 2025).

However, the existing two paradigms prioritize model
design while neglecting raw data optimization, operating
under the assumption of fixed heterogeneous graph struc-
tures. However, real-world graphs inevitably contain struc-
tural noise, such as: (1) human-annotated erroneous edges
(Chen, Wu, and Zaki 2020), (2) task-irrelevant redundant
(Yu et al. 2020) or incomplete connections (Jin et al. 2020)
or (3) adversarially injected anomalous edges from designed
attack models (Feng et al. 2024; Wang et al. 2023a, 2025).
These imperfections result in suboptimal graph topologies.
In homogeneous graph scenarios, extensive research ad-
dresses these structural limitations through single-relation
adjacency matrix learning, core challenges involve opti-
mizing message propagation across distinct node classes.
LDS (Franceschi et al. 2019) employs probabilistic models
to generate refined adjacency matrices; GEN (Wang et al.
2021a) integrates KNN (Cover and Hart 1967) clustering to
enhance class-aware message passing; ProGNN (Jin et al.
2020) parameterizes adjacency matrices as learnable vari-
ables for dynamic optimization. Self-supervised approaches
like SUBLIME (Liu et al. 2022b) and GSR (Zhao et al.
2023) introduce topology augmentation perspectives into



contrastive learning frameworks. However, these structure
learning methods focus exclusively on single-relational ad-
jacency matrices. They are fundamentally limited in model-
ing multi-relational graphs and fail to capture dependencies
between relation types.

Unlike homogeneous graphs, heterogeneous graphs ex-
hibit inherent structural complexity characterized by seman-
tically diverse edges and heterogeneous node types. Conse-
quently, structure learning in such graphs require special-
ized consideration under multi-relation conditions. This ne-
cessity is empirically demonstrated in the two key scenarios
presented in Figure 1. (1) Edge Deficiency: Mitigation ad-
dresses latent multi-relational connections critical for mes-
sage passing optimization. For instance, in recommenda-
tion networks with cold-start users (sparse interactions), re-
covering potential edges enriches topological completeness
and enhances downstream task performance; (2) Semantic
Redundancy: Filtering high-value signals across heteroge-
neous edge semantics. For instance, frequent purchases of
popular items during recommendation graph construction
dilute structural signal integrity, induce systemic noise bias,
and degrade user differentiation metrics.

Research on heterogeneous graph structure learning re-
mains limited, existing heterogeneous graph structure learn-
ing methods such as HGSL (Zhao et al. 2021), which primar-
ily adds new edges through semantic consistency, they rely
on semi-supervised loss co-training and exhibit tight cou-
pling with downstream tasks. Similarly, MV-HGSL (Bing
et al. 2023) incorporates structural learning as a contrastive
view but remains deeply nested within model architectures,
hindering decoupling. This tight coupling necessitates cus-
tom structural learning modules for each model, while all
aforementioned methods persistently overlook semantic re-
dundancy within heterogeneous information networks.

In summary, our objective is to design a universal struc-
tural learning module that addresses decoupling from down-
stream tasks while resolving potential specialized structural
issues in heterogeneous graphs. To this end, we developed
a heterogeneous graph self-supervised dual-path structural
learning adapter. Within this adapter, for Edge Deficiency:
We introduce dynamic homogeneous subgraph optimiza-
tion. Recognizing homophily’s critical role in relational sub-
graphs, our method explicitly models and enhances neigh-
bor homophily connected via meta-paths to discover latent
topologies. This ensures learned homogeneous subgraphs
not only preserve semantics but also reinforce clustering ho-
mogeneity among similar nodes, compensating for missing
edges. Consequently, it improves semantic consistency and
purity while mitigating noise and ambiguity during subgraph
instantiation. For Semantic Redundancy: We design a learn-
able heterogeneous edge discriminator. This module func-
tions as a multi-relational edge evaluator that assesses the
plausibility/importance of each relation-specific edge end-
to-end. By explicitly judging the existence of a relation-
specific edge between two nodes, it dynamically suppresses
noisy edges, enabling fine-grained, relation-aware refine-
ment of the original graph structure. In summary, our key
contributions are:

* To the best of our knowledge, we propose the first flex-
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ible plug-and-play adapter for self-supervised structure
learning in heterogeneous graphs.

We design a dual-path optimization model specifically
addressing edge deficiency and redundancy in multi-
relational graphs.

Extensive experiments demonstrate that our adapter con-
sistently enhances state-of-the-art self-supervised hetero-
geneous graph methods, achieving competitive perfor-
mance even on traditional semi-supervised benchmarks.

Related Works
Self-Supervised Heterogeneous Graph Learning

Current self-Supervised approaches are primarily catego-
rized into two types: contrastive-based methods and gener-
ative methods. However, these methods typically only con-
sider single-relational scenarios. To address multi-relational
scenarios, self-supervised learning methods for heteroge-
neous graphs have been introduced. DMGI (Park et al. 2020)
and HDMI (Jing, Park, and Tong 2021) pre-train models
by combining representations across different relations and
maximizing mutual information between local and global
views. HeCo (Wang et al. 2021b) aligns node represen-
tations from different views, selecting positive and nega-
tive samples using multi-relational random walks. HGCML
(Wang et al. 2023b) leverages the naturally occurring mul-
tiple relations in heterogeneous graphs to construct multi-
ple views for contrastive self-supervised training. HGMAE
(Tian et al. 2023) employs a generative approach, aligning
attribute, structural, and semantic encodings under differ-
ent relations before and after reconstruction for pre-training.
HERO (Mo et al. 2024) pre-trains by aligning node repre-
sentations from both homogeneous and heterogeneous per-
spectives within the graph. Nevertheless, all these heteroge-
neous graph self-supervised learning methods conduct mes-
sage passing within fixed graph structures, failing to account
for structural noise.

Graph Structure Learning (GSL)

Traditional GNN message passing relies exclusively on pre-
existing, fixed graph structures. In real-world scenarios,
however, these initial fixed structures often contain missing
or redundant connections. A series of methods have been
proposed to optimize graph structures. As referenced in the
OpenGSL benchmark (Zhou et al. 2023), LDS (Franceschi
et al. 2019), WSGNN (Lao et al. 2022), and NodeFormer
(Wu et al. 2022) learn structures through a joint learning
paradigm. GEN (Wang et al. 2021a) and CoGSL (Liu et al.
2022a) iteratively update the structure by alternately train-
ing a structure module and a graph encoding module. SUB-
LIME (Liu et al. 2022b), STABLE (Li et al. 2022) and
GSR (Zhao et al. 2023) perform pre-training by constructing
structure-augmented views. Nevertheless, all the aforemen-
tioned methods target homogeneous graphs and do not con-
sider multi-relational scenarios. Approaches for structure
learning in heterogeneous graphs include: GTN (Yun et al.
2019) optimizes the structure by generating variable metap-
aths via multiple channels and then aggregating them. HGSL



(Zhao et al. 2021) obtains an optimized structure by integrat-
ing semantic graph with the feature graph. However, these
methods exhibit strong coupling with downstream tasks and
models, preventing standalone usage. Moreover, research on
structural optimization models for self-supervised scenarios
in heterogeneous graphs remains notably lacking.

Problem Statement

Given a heterogeneous graph defined as G
WV, E,T,R,X,7,v), where V {v1,v2, .., vpy) ) s
the set of nodes, £ is the set of edges, 7 is a set of node
types and R is a set of relation types. 7 : V — T maps
nodes to their types and ¢ : £ — R maps edges to their
relation types. X' = {&3, Xy, ...A|p|}, where &; represents
the feature for set of node type i € 7.

The self-supervised heterogeneous graph structure learn-
ing can be defined as given an optional heterogeneous graph
G, the goal of HGSL is to learn the optimal graph structure
G*=V,E"T,R,X,T,1) to obtain the representation for
each predicted node Z* € RIVI7i x4 for downstream tasks,
where £* is the refined structure. In a word, the objective of
HGSL can be summarized as the following formula:

min L:total = ['task:(zvz*) + EHGSL(gvg*)7

0f,.0nGsL

where 0, 0pcsr represents the model for heterogeneous
graph encoder and structure model respectfully, £, stands
for the loss for self-supervised task and the Lygsy is de-
signed for train the structure model.

The Proposed Method

In this section, we present the architecture and design of our
structure learning adapter, along with its integration mecha-
nisms with diverse self-supervised graph learning methods.

Overview Framework

The entire architecture comprises two modules: our struc-
ture learning module and a pre-training module. Our method
decouples from existing pre-training approaches. The opti-
mized graph structure generated by structure learning mod-
ule is fed into the pre-training module while collaboratively
optimizing both components. Our work focuses on the struc-
ture learning module. As illustrated in Figure 3, we employ
a dual-path design: The homogeneous subgraph enhancer
Figure 3.a first extracts multiple semantic-distinct single-
relation subgraphs, then dynamically discovers latent rela-
tional connections across semantic contexts through feature
mapping to enhance semantic consistency and purity. Simul-
taneously, the heterogeneous edge discriminator Figure 3.b
processes node pairs connected by original heterogeneous
edges, outputting a pruned structure through edge-wise plau-
sibility assessment. The refined structures from both paths
undergo joint optimization with pre-training objectives be-
fore transfer to downstream node classification tasks.

Feature Transformation

Based on the characteristics of heterogeneous graphs (with
[T| + |R| > 2), the initial features of nodes often re-
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Figure 2: Node classification performance with varying
homophily ratios (HR) in semantic homogeneous graphs:
These homogeneous graphs are generated from meta-paths
in two benchmark datasets. Results demonstrate that higher
HR boost classification accuracy.

side in different feature spaces and have inconsistent dimen-
sions. We designed a type-based approach where a dedicated
multi-layer perception (MLP) is used for each node category
to project the features into a unified dimension. The specific
steps are as follows:

(D

where w7; and b; is the weight and bias parameters for node
type T;, o is the activation function and h; € R? is the rep-
resentation for node s.

h; = o(wy, X T; + br;),

Homogeneous Subgraph Enhancer

This section introduces our proposed method to address the
problem of discovering potential beneficial edges and iden-
tifying structural augmentations with positive gains to miti-
gate information incompleteness.

Meta-path-based random walks are a common technique
for handling diverse semantics in heterogeneous graphs
(Wang et al. 2019). We first extract homogeneous graphs
{Gp,,Gp,...,Gp, } under different semantics from the origi-
nal heterogeneous graph G = (V, &, T, R, X, T, ) by lever-
aging pre-defined meta-paths {P1,Ps...,P;}, each meta-
path P; can be defined as:

Pi=t Sty Dty tpg —ty,

where t; € T denotes node types and r; € R denotes rela-
tion types. The adjacency matrix Ap, for semantics homo-
geneous graph is computed as:

APi = ARl AR2 e ARka (2)

where Ag, € RV VTl s the relation-specific adja-
cency matrix derived from the original topological seman-
tics. We observe that these derived single-relational graphs
exhibit varying homophily ratios H R¢,. (the proportion of
edges connecting nodes of the same class within a subgraph)
which can be defined as:

Z H(yu = yv);

(u,v)EEP

1
HRp = 7 3)

|Ep]

where y; denotes node class, |Ep| denotes edge count
in meta-path subgraph and indicator function I (1 when
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Figure 3: Framework of the Proposed Structure Adapter: Our method optimizes original graph structures for heterogeneous
graph pre-training through a dual-path architecture that concurrently addresses potential structural deficiencies (Homogeneous
Subgraph Enhancer) through two complementary mechanisms and semantic redundancy (Heterogeneous Edge Discriminator),
collectively rectifying structural oversights in graph pre-training and enabling end-to-end joint optimization.

Yu = Yu, else 0). Furthermore, classification performance
improves when using semantic homogeneous graphs with
higher HRs as depicted in Figure 2. The semantic homo-
geneous graphs are generated from the ACM dataset us-
ing six distinct meta-paths and the IMDB dataset through
two meta-paths. These results confirm that homophily en-
hancement leads to measurable performance gains in target
tasks. Accordingly, we design two specialized homophily in-
creasing mechanisms: feature similarity propagated neigh-
borhood expansion and multi relation constrained neighbor-
hood expansion. Given the obtained set of semantic homoge-
neous graphs {G,, , G, ..., Gp, }, we first compute cross-type
node similarity, expressed as:

if 7(u) = 7(v)
otherwise

h,-h,

sim(u,v) = {lhullhul 4)
0

where h; is the feature vector of node i, and 7(7) denotes
node type mapping function. At this stage, we obtain intra-
type node similarity matrices S, for each type 13, catego-
rized into target node similarity matrix St,, where T; is the
type of target node and non-target node similarity matrices
{St,,i € |T| & i # t}. For self feature similarity neigh-
borhood expansion: within each node class, we set a thresh-
old 7 to connect node pairs with high similarity in the pre-
dictive node similarity matrix, which can be computed as:

ATt = {(vi,vj) | vi,v; € V(Tt),sim(vi,vj) > 77}, 5)

where Br, denotes the potential structure, discovers benefi-
cial edges and increases the homophily ratio of the single-
relational graph from self neighbor expansion.
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For dynamic neighbor expansion based on multi-
relational propagation: By capturing correlations between
adjacent nodes, we identify pairs of non-target nodes by, b;
with similarity exceeding threshold d, and target nodes a;, a
that connect to these non-target nodes with sufficient fre-
quency. A new edge is formed between a; and a; when:

3oy, by € VI
Sim(bk,bl) 2 1)
deg(a; = br) >~ [’
deg(a; — b)) = 7
where deg(a; — bx) = D e l(ai, br) € &] and v is the
count of existing edges. This establishes edges between tar-
get nodes that related to similar non-target nodes, enhancing
structural completeness. Finally, we integrate the potential
structures from both methods with the original structure us-
ing attention mechanism, and apply sparsification operations
to obtain the updated structure under the homogeneous sub-
graph enhancement path, which can be computed as:

At = | (ai,a5) (6)

Afp, = Sparsify(81 © Ar, + B2 @ > Ar).  (7)
i€T\T,
To reduce computational overhead, we employ top- K spar-
sification, where the sparsification function is defined as:

. A;; if A;; € topk(A;.
Sparsify(A)i; = {0 ’ otherivise ) » ®
p =00 Ap, + B0 AT, 9)

where «, /3 are the learnable parameters, .Ap>/ is the refined
adjacency matrix for each homogeneous graph generated by
meta-path P;.



Heterogeneous Edge Discriminator

In the preceding section, we identify potential edges that
could augment graph connectivity. However, for the sec-
ond problem, indiscriminate edge addition introduces redun-
dant information that dilutes critical structural signals and
introduces undesirable noise or bias into semantic represen-
tations. To address this, we propose a multi-relational het-
erogeneous edge discriminator that evaluates edge necessity
across distinct relation types. This module operates through
sequential operations. Firstly, for each candidate edge e;;
connecting nodes v;, v; under relation r, the discriminator
computes necessity probability p;; by:

bij = ¢7" (hz ” hj ” hrel);

where ¢, denotes a relation-specific MLP, h,.; is the rela-
tion embedding and || is concatenation. This yields prob-
abilistic edge scores across all relation types. The rela-
tional encoding is optional and can utilize pre-trained meth-
ods such as Metapath2Vec (Dong, Chawla, and Swami
2017). We incorporate the edge necessity probabilities into
graph construction, where all original edges remain learn-
able parameters. This updated topology serves dual pur-
poses: providing the foundation for heterogeneous graph
pre-training and enabling iterative homogeneous subgraph
updating through dynamic adjacency matrices. The update
mechanism follows:

ERt « &R Ri €R,

(10)

(1)

where £ means the relation R; in ¢ iteration. Thus, we
obtain the structurally enhanced dual-path output for subse-
quent heterogeneous graph pre-training input.

Experiments

To demonstrate the validity of our approach, we conduct
comprehensive experiments across five benchmark datasets.
The experimental methodology is sectionally organized as
follows: (1) configuration details (parameter settings, base-
line specifications); (2) quantitative results with comparative
analysis demonstrating model efficacy.

Experimental Setup

Datasets To evaluate the effectiveness of our proposed
method, we conduct experiments on five widely-used het-
erogeneous graph datasets: ACM (Hu et al. 2020), DBLP
(Hu et al. 2020), Freebase (Lv et al. 2021), Yelp (Zhao
et al. 2021), and AMiner (Hu, Fang, and Shi 2019). These
datasets span various domains and exhibit diverse node and
relation types, making them representative benchmarks for
heterogeneous graph representation learning.

¢ ACM is constructed from a subset of papers published
in ACM conferences. It contains four types of nodes: pa-
pers, authors, terms, and subjects, and two main types of
edges: paper-to-author and paper-to-subject.

* DBLP is a bibliographic dataset containing information
about authors, papers, venues, and terms. The graph is
built with various node types (e.g., author, paper, venue)
and relation types (e.g., author-to-paper, paper-to-venue).
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* Freebase is a large-scale knowledge graph consisting of
various types of entities such as books, films, and organi-
zations. It contains rich semantic relations, e.g., book-to-
film, organization-in-film.

* Yelp is built from business review data. It includes users,
businesses, tips, and reviews as nodes, with edges like
user-writes-review and review-about-business.

* AMiner is an academic network composed of nodes such
as authors, papers, and venues. It includes edges like
paper-written-by-author and author-writes-paper.

Dataset | #Nodes #Types| #Edges #Types| TargetNode
ACM | 8,994 3 25,922 4 paper
DBLP | 26,128 4 296,563 3 author

Freebase|180,098 8 1,057,688 36 book
Yelp 3,913 4 72,132 6 business

AMiner | 55,783 3 153,676 4 paper

Table 1: The statistics of the heterogeneous graph datasets

Baselines To demonstrate the effectiveness of our ap-
proach, we compare against four categories of baselines:
(1) Traditional semi-supervised homogeneous graph learn-
ing GCN (Kipf and Welling 2017), GAT (Veli¢kovi¢ et al.
2018), designed for single relation; (2) Semi-supervised het-
erogeneous graph learning HAN (Wang et al. 2019), HGT
(Hu et al. 2020), designed for multi-relations, structure-only
methods Mp2vec (Dong, Chawla, and Swami 2017); (3)
Heterogeneous graph structure learning HGSL (Zhao et al.
2021), leveraging label information for structural refine-
ment and representation enhancement; (4) Heterogeneous
graph self-supervised learning, focusing on unlabeled sce-
narios, including: contrastive view-based approaches HeCo
(Wang et al. 2021b), HERO (Mo et al. 2024), HGCML
(Wang et al. 2023b), reconstruction-based techniques HG-
MAE (Tian et al. 2023). Our adapter is embedded into
the aforementioned heterogeneous graph pre-training mod-
els for joint training.

Parameter Settings Comprehensive experimental config-
urations and evaluation protocols are delineated herein. To
rigorously validate pre-training efficacy, we implement a
methodology where 10-shot and 20-shot instances per class
are randomly sampled across datasets to construct distinct
training sets. Each experimental scenario undergoes five in-
dependent training-testing cycles to ensure equitable com-
parison, with final results aggregated as the mean value of
trials and variance reported to quantify stability. Evalua-
tion employs three established metrics: Macro-F1 (class-
balanced performance), Micro-F1 (instance-weighted per-
formance), and AUC (ranking capability). For all base-
line models, we strictly preserve their original published
configurations and parameter settings without modification.
Our structural adapter implementation involves several criti-
cal hyper-parameters: meta-path selection (utilizing dataset-
specific prior knowledge for optimal path identification), se-
mantic graph similarity thresholds 7 = 0.6, cross-type node



ACM Freebase

Method

AMiner

DBLP Yelp

Ma-F1 Mi-F1 Ma-F1 Mi-F1

Ma-F1

Mi-F1 Ma-F1 Mi-F1 Ma-F1 Mi-F1

10 shot

GCN
GAT

72.90+0.2
70.72+0.3

73.16+0.3
71.06+0.5

31.01+£0.2
30.93£1.2

34.42+0.3
34.26+1.8

54.30£1.1
55.97£2.5

58.27+2.3
59.26£3.2

69.05+1.8
75.39+3.2

71.09+£2.7
76.06£1.6

69.63+3.2
69.52+2.4

67.12£2.9
64.81£1.6

HAN
HGT

82.67+0.2
76.70£0.1

82.87+0.4
76.49+0.2

33.14£1.6
34.57£2.6

35.16+1.7
38.07+2.3

60.91+0.8
64.33£0.7

65.84+1.0
68.81+0.2

84.93+1.3
77.48+2.1

84.16+£2.9
80.16+2.8

80.38+1.2
78.99+2.2

83.01+0.6
74.27+1.1

HGSL 82.89+0.2 85.65+0.3 40.23+0.8 42.96+0.6

65.79+0.7

70.61+0.9 85.44+0.3 86.83+0.3 79.36+0.4 84.94+0.8

HeCo
+HSADP

87.76+0.2
90.39+0.3

86.83+0.2
90.22+0.2

36.55+2.2
40.36+4.0

45.02+£2.0
46.66+2.5

67.31+1.4
68.58+0.2

76.46+1.8
79.41+1.0

89.56+0.3
88.41+0.3

90.36+0.4
89.18+0.4

82.49+0.4
83.89+0.2

83.24+0.2
84.74+0.5

HGCML
+HSADP

85.36+0.4
87.64+0.5

85.44+0.8
86.94+0.3

42.32+0.7
45.49+0.7

47.89+0.6
50.76+0.6

77.35+£0.5
78.62+0.7

88.26+0.2
88.92+0.6

87.38+0.1
89.84+0.3

86.76+0.2
87.66+0.3

84.87+0.7
85.90+0.6

87.65+0.4
88.51+0.8

HGMAE
+HSADP

88.10+0.1
89.42+0.1

87.38+0.1
88.33+0.1

47.33+1.3
52.64+1.0

52.75+1.8
58.37+0.9

68.32+0.1
70.69+40.1

77.01+0.1
78.72+0.1

88.25+0.1
90.26+1.1

87.27+0.1
89.08+0.9

80.30+0.7
83.81+0.7

83.87+0.6
87.49+0.7

HERO
+HSADP

85.28+0.4
87.28+0.3

85.37+0.3
85.87+0.5

43.52+0.3
48.23+0.5

45.29+0.6
46.77+0.2

79.04+0.2
79.23+0.1

87.98+0.3
88.43+0.4

86.28+0.2
89.18+0.6

87.89+0.1
89.76+0.3

86.91+0.3
89.48+0.5

86.54+0.4
89.73+0.4

20 shot

GCN
GAT

76.70+0.1
73.95+1.2

76.77+0.1
70.4243.5

46.89+0.2
42.62+0.2

46.39+0.1
44.84+0.1

60.21+0.7
57.32+1.3

66.47+0.3
62.93£1.2

82.29+0.1
83.40+0.1

82.68+0.1
83.47+0.1

75.96+0.2
76.05+0.6

79.57+0.2
79.32+0.0

HAN
HGT
Mp2vec

85.61£1.2
87.60£2.8
68.44+0.1

85.56x1.3
87.96+5.4
67.02+0.1

50.26+0.1
54.87+0.2
44.21+0.1

49.97+0.1
51.55+0.4
50.71£0.1

66.89+0.5
65.23+0.3
60.78+0.5

72.16£0.4
69.48+0.5
65.32+0.8

86.89+0.6
86.46x1.1
79.01+0.0

84.73x1.1
83.68+0.3
75.94+0.0

84.22+0.1
84.13+0.6
75.19+0.0

83.10£0.1
86.63+0.1
78.11+0.0

HGSL 88.42+0.8 87.12+0.5 58.32+0.7 55.83+0.4

68.43+£0.4

76.34+0.2 88.49+0.2 87.73+0.3 85.28+0.9 86.73+0.7

HeCo
+HSADP

87.39+0.4
90.10+0.1

86.71+0.6
89.86+0.1

57.84+0.4
59.90+1.6

60.12+0.6
62.94+1.7

71.39+0.4
73.46+0.9

78.06+0.6
79.47+1.1

90.39+0.4
91.38+0.2

90.06+0.6
91.21+0.2

85.32+0.4
86.92+0.8

87.22+0.2
89.44+0.2

HGCML
+HSADP

90.43+0.2
91.28+0.4

90.26+0.6
90.14+0.3

61.72+0.1
62.22+0.5

64.11+0.5
65.87+0.6

71.82+0.4
73.4240.2

80.47+0.7
81.62+0.2

91.82+0.4
92.46+0.8

92.24+0.6
93.18+0.4

90.34+0.4
92.04+0.6

90.24+0.7
91.58+0.7

HGMAE
+HSADP

90.38+0.4
91.38+0.5

90.06+0.6
90.94+1.1

61.42+0.1
62.62+1.1

64.61+1.5
65.77+0.8

72.52+0.4
73.76+0.2

80.07+0.7
81.69+0.8

91.52+0.6
92.36=+1.1

92.07+0.6
93.08+0.9

90.30+0.2
91.94+0.7

90.72+0.6
91.48+0.6

HERO
+HSADP

87.68+0.6
91.23+0.8

87.60+0.2
90.35+0.4

61.22+0.3
63.42+0.5

65.23+£0.6
66.23+0.2

76.85+0.1
79.46+0.2

85.94+0.2
88.42+0.1

91.35+0.3
93.48+0.2

92.38+0.2
94.38+0.1

88.70+0.1
90.58+0.2

87.98+0.3
90.43+0.3

Table 2: Performance presented with the best bolded, improvements underlined, and "+’ denoting adapter integration

structural affinity thresholds v = 6 and K = 10 in sparsi-
fication function. When co-training with meta-models, our
adapter naturally integrates contrastive learning approaches.
In meta-path views, semantically augmented views are em-
ployed, while attention-based methods utilize heterogeneous
edge discriminators. For generative approaches, both seman-
tically enhanced graphs and heterogeneous edge discrimina-
tors are embedded within structure-aware reconstructions,
with message passing operating on the updated architec-
tures. Learning rates are fixed at 8e-4 for pretrained models
and 0.01 for the classifier. Optimization utilizes the Adam
optimizer (PyTorch implementation). with all trials con-
ducted on NVIDIA RTX 3090 graphics cards.

Performance Evaluation

This section utilizes the established experimental configura-
tion to verify the effectiveness of the heterogeneous struc-
ture adapter for node classification, assess the significance
of individual modules, and evaluate the adapter’s sensitivity
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to critical hyperparameters.

Node Classification In the node classification task,
we employ five heterogeneous information network
datasets spanning multiple domains including business and
academia, etc. Our model is embedded as a plugin into
the heterogeneous graph pre-training models mentioned in
the baselines and is jointly trained during the pre-training
phase. To investigate the significance of our model within
the pre-training framework, we conduct comparative
experiments for both 10-shot and 20-shot settings. As
evidenced by the experimental results in Table 2, we
draw the following conclusions: 1) Our structural adapter
demonstrates consistent improvements in node classifica-
tion performance across nearly all benchmark datasets for
state-of-the-art heterogeneous graph pre-training models.
These results highlight the value of structural learning in
self-supervised heterogeneous graph representation and
confirm the adapter’s effectiveness; 2) While baseline
pre-trained models demonstrate sustained efficacy in some



Dataset

Metric

HAN +HSADP

HGT +HSADP

ACM

Ma-F1
Mi-F1
AUC

85.61£1.2 87.06+0.1
85.56+1.3 87.09+0.3
90.25+0.2 96.98+0.1

87.60+2.8 88.75+0.1
87.96+5.4 88.95+0.1
89.86+0.1 92.09+0.1

DBLP

Ma-F1
Mi-F1
AUC

86.89+0.6 88.34+0.2
84.73x1.1 88.70+0.0
92.89+0.1 94.86+0.1

86.46+1.1 86.70+0.3
83.68+0.3 84.01+0.5
88.65+0.1 89.67+0.2

Yelp

Ma-F1
Mi-F1
AUC

84.22+0.1 85.04+0.6
83.10£0.1 86.78+0.0
84.40+0.1 85.60+0.1

84.13+0.6 86.01+0.1
86.63+0.1 84.01+0.1
82.44+0.1 84.62+0.0

Freebase

Ma-F1
Mi-F1

AUC

50.26+0.1 53.01+0.1
49.97+0.1 55.42+0.1

69.45+0.1 74.62+0.1

54.67+0.2 54.78+0.1
51.55+0.4 54.04+6.2
68.33+0.0 73.60+0.2

Table 3: Performance comparison across different HGNN
methods with best bolded, improved underlined and “+” in-
dicates adapter plugged in.

datasets across diverse few-shot data scales, they suffer
significant performance deterioration in others. Our adapter
universally boosts baseline performance and effectively al-
leviates sharp declines, with the most notable improvements
observed at the 10-shot setting; 3) Our adapter demonstrates
consistent performance superiority over supervised hetero-
geneous structure learning methods, confirming both its
compatibility with diverse graph architectures and empirical
efficacy; 4) Pre-training approaches demonstrate significant
performance advantages over conventional homogeneous
and heterogeneous graph learning methods. Notably, as
evidenced by the results in Table 3, our method further
enhances the performance of standard heterogeneous graph
models when integrated with them.

Ablation Study To comprehensively investigate the im-
pact of individual components within our model, we conduct
ablation studies on critical modules: (1) w/o HoSE: remov-
ing the HOmogeneous Subgraph Enhancement module from
the structure adapter; (2) w/o HeED: excluding the HEtero-
geneous Edge Discriminator. These ablations are evaluated
across two datasets using three heterogeneous graph pre-
training methods spanning two categories. Results in Fig-
ure 4 demonstrate that both modules significantly enhance
structural representations and improve model performance.
The dual-path approach exhibits complementary effects, en-
abling joint structural optimization. Notably, for the HERO
method, incorporating meta-path information substantially
boosts model capability.

Hyper-parameters Analysis We conduct a rigorous abla-
tion study on three core hyper-parameters of our structural
adapter: (1) homogeneous similarity threshold 7 for self-
feature based neighbor selection, (2) cross-type correlation
threshold ~ for multi-relational propagation, and (3) top-
K in sparsification process. Empirical results on ACM and
DBLP datasets using two pre-trained model illustrated in
Figure 5, which indicate that model performance is sensitive
to the similarity threshold setting, with both overly lenient

HEE Origin | w/o HoSE

B w/o HeED . Al

Ma-F1 Mi-F1  AUC Ma-FI Mi-F1 AUC Ma-FI Mi-F1 AUC
ACM

e

Ma-F1 Mi-FI AUC

Ma-F1 Mi-F1 AUC
DBLP

Ma-FI Mi-FI AUC

Figure 4: Ablation study

and strict thresholds adversely affecting accuracy due to fun-
damental constraints in node correlation distributions. Our
sparsification process integrated with heterogeneous edge
discrimination successfully addresses the redundancy issues
arising from aggressive node selection.
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Figure 5: Impact of hyper-parameters

Conclusion

This study focuses on self-supervised structural learning for
heterogeneous graphs, addressing the gap in structural mod-
eling within existing heterogeneous graph pretraining meth-
ods. Our approach serves as a structural adapter, seamlessly
integrating with established pretraining frameworks. Exper-
iments demonstrate its effectiveness and generality. Cur-
rently, our method is constrained to structural enhancements
within single datasets. Future work will extend this by: ad-
vancing multi-dataset joint training mechanisms for struc-
tural learning, exploring broader scenarios including zero-
shot transfer and leveraging structural understanding from
large language models for enhanced adaptation.
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